Employing a unique and rich data set of water quality attributes in conjunction with detailed household characteristics and trip information, we develop a mixed logit model of recreational lake usage and undertake thorough model specification and fitting procedures to identify the best set of explanatory variables, and their functional form for the estimated model. Our empirical analysis shows that individuals are responsive to the full set of water quality measures used by biologists to identify the impaired status of lakes. Thus, changes in these quality measures are not simply a scientific exercise, but they also translate into changes in the recreational usage patterns and well-being of individual households. WTP estimates are reported based on improvements in these physical measures.
More than three decades have elapsed since the passage of the 1972 Clean Water Act (CWA), yet progress toward meeting the standards set forth in the CWA has been slow in the area of nonpoint source pollution. The most recent National Water Quality Inventory (USEPA 2000) categorizes forty-five percent of assessed lake acres in the U.S. as impaired, with the leading causes of these impairments being nutrients and siltation. Moreover, few states have developed the priority ranking of their impaired waters as required under Section 303(d) of the CWA. The task facing both the EPA and state regulatory agencies remains daunting.
The prioritization process requires information on the cost of remediation and the potential benefits that will flow from water quality improvements. Both types of information are in short supply. The purpose of this paper is to help fill this gap by providing information on the value of water quality improvements as a function of detailed physical attributes of the water bodies involved. The water quality values are obtained from a recreation demand model of lake usage in the state of Iowa, combining trip and socio-demographic data from the Iowa Lakes Valuation Project and an extensive list of physical water quality measures collected by Iowa State University's Limnology Laboratory. 1 Recreation demand models have long been used to value water quality improvements, but studies typically rely on limited measures of water quality. The most commonly used indicators are fish catch rates (e.g., Chen, Lupi, and Hoehn 1999; Morey, Rowe, and Watson 1993) . However, catch rates are themselves endogenous, depending on both fishing pressure and the abilities of the anglers, and provide only indirect measures of the underlying water quality. Physical water quality measures, such as Secchi transparency and bacteria counts, are used only sparingly, in large part because of limitations in available data. Phaneuf, Kling, and Herriges (2000) use fish toxin levels in their model of Great Lakes fishing, but the toxin levels were available only for a limited number of aggregate sites in the region. Parsons and Kealy (1992) use dummy variables based on dissolved oxygen levels and average Secchi transparency readings to capture the impact of water quality on Wisconsin lake recreation.
Similarly, Parsons, Helm, and Bondelid (2003) construct dummy variables indicating high and medium water quality levels for use in their analysis of recreational demand in six northeastern states. These dummy variables are based on pollution loading data and water quality models, rather than on direct measurements of the local water quality. In these studies, the physical water quality indicators are found to significantly impact recreation demand, but, because of the limited nature of the measures themselves, provide only a partial picture of value associated with possible water quality improvements. Other papers that have used one or more measures of water quality include von Haefen (2003) , Atasoy, Palmquist and Phaneuf (2006) , Phaneuf (2002) , Kaoru, Smith, and Long Liu (1995) , Ribaudo and Piper (1991) , Russell and Vaughan (1982) , and Stevens (1966) .
An alternative to physical measures of water quality has been the use of perceived or reported water quality measures (Adamowicz et al. (1997) ; Jeon et al. (2005) ). While perceived measures are likely to be the direct drivers of behavior (McConnell 1993) and could be studied in a structural model (Kaoru, Smith, and Long Liu 1995) , their major drawback is that information can typically be gleaned only for the sites the individual has visited. While important questions concerning the relationships between perceived and observed measures remains, it is likely that perceptions are related to physical measures, the focus of this work. Bockstael, Hanemann, and Strand's (1986) analysis of beach usage in the Boston-Cape Cod area has perhaps one of the most extensive lists of objective physical water quality attributes included in a model of recreation: oil, fecal coliform, temperature, chemical oxygen demand (COD), and turbidity. However, the study also points out one of the frequently encountered problems in isolating the impact of individual water quality attributes -multicollinearity. Seven additional water quality measures were available to the analysts: color, pH, alkalinity, phosphorus, nitrogen, ammonia, and total coliform, but were excluded from the analysis due to correlation among the measures. While these choices are certainly reasonable, the lack of direct information on how nutrient levels (phosphorus and nitrogen) impact recreational usage is unfortunate in the context of setting standards in many states, where nutrient loadings are of particular concern.
The contribution of the current paper lies in our ability to incorporate a rich set of physical water quality attributes, as well as site and household characteristics, into a model of recreational lake usage. Importantly, the full set of water quality variables used by biologists to classify lakes as impaired by the EPA, and therefore potentially in need of policy action, are included. Trip data for the study are drawn from the 2002 Iowa Lakes Survey. The survey was sent to a random sample of 8,000 Iowa households, eliciting information on their recreational visits to Iowa's 129 principal lakes, along with socio-demographic data and attitudes toward water quality issues. The unique feature of the project, however, is that a parallel inventory of the physical attributes of these lakes was conducted by Iowa State University's Limnology Laboratory. Three times a year, over the course of a fiveyear project, thirteen distinct water quality measurements were taken at each of the lakes, providing a clear physical characterization of the conditions in each lake. Moreover, because of the wide range of lake conditions in the state, Iowa is particularly well suited to identifying the impact of these physical characteristics on recreation demand. Iowa's lakes vary from a few clean lakes with up to fifteen feet of visibility to other lakes having some of the highest concentrations of nutrients in the world, and roughly half of the 129 lakes included in the study are on the EPA's list of impaired lakes. An additional unique aspect of Iowa lakes is that the diversity of land uses in the watershed contributing to them leads to a relatively low degree of collinearity among the physical and chemical water quality measures, with correlation coefficients ranging from -0.53 to 0.68, and typically lying below 0.4. 2 Thus, Iowa lakes provide an almost ideal "laboratory" for studying the effects of biological water quality measures on usage and value.
A second unique contribution of this study is the application of careful model specification and fitting procedures to identify the best set of explanatory variables, and their functional form, for the estimated model. Since economic theory does not provide guidance to the analyst on these issues, ex ante selection of model variables and structure will often fail to achieve the best model fit. On the other hand, specification searching on a given data set leads to the well known problem of incorrect standard error estimates (Leamer 1983 ). Thus, we exploit our large sample size by splitting the sample into three equal parts. With the first sample, we extensively explore various specifications of the model, including a variety of variables and their functional form. The second sample was reserved for clean model estimation, alleviating bias in the estimated standard errors of the parameter estimates stemming from the specification search process. The third split of the sample was used to perform out-of-sample prediction to provide an overall assessment of the model fit. 3
The remainder of the paper is divided into five sections. Section 2 provides an overview of the data, and a repeated mixed logit model is specified in Section 3. The mixed logit model allows for a wide variety of substitution patterns among the recreational sites and heterogeneity among households (See, e.g., Herriges and Phaneuf 2002; McFadden and Train 2000; . The specification search procedure and findings are reported in Section 4, along with assessment of the out-of-sample predictions. In Section 5, the policy implications of the model are discussed in terms of recreational value of meeting the objectives of the CWA via removal of all lakes from the impaired water quality list. Conclusions complete the paper.
Data
Two principal data sources are used in developing our model of recreational lake usage in Iowa: the 2002 Iowa Lakes Survey and the physical water quality measures collected by Iowa State University's Limnology Laboratory. The focus of the survey was on gathering baseline information on the visitation patterns to Iowa's 129 principal lakes, as well as sociodemographic data and attitudes towards water quality issues. After initial focus groups and pre-testing of the survey instrument, the final survey was administered by mail in November 2002 to 8,000 randomly selected households in the state. Standard Dillman procedures (1978) were used to ensure a high response rate. 4 Of the 8,000 surveys mailed, 4,423 were returned. Allowing for undeliverable surveys, this corresponds to an overall response rate of sixty-two percent.
The survey sample was initially paired down to 3,859 households as follows. Those households who returned the survey from out of state were excluded (thirty-eight observations), as it is not feasible to ascertain whether these respondents have permanently left the state or simply reside elsewhere for part of the year. Respondents who did not complete the trip questions or did not specify their numbers of trips (i.e., they simply checked that they had visited a given lake) were excluded (224 observations). Lastly, any household reporting more than fifty-two total single-day trips to the 129 lakes were excluded (133 observations). In the analysis that follows, only single-day trips are included to avoid the complexity of modeling multiple-day visits. Defining the number of choice occasions as fifty-two allows for one trip per week to one of the 129 Iowa lakes. While the choice of fifty-two is arbitrary, we chose this cut-off as a conservative approach to insure our data sample is visitors to the lakes and not residents who may claim many recreational trips simply due to living on the shore of a lake. 5
Finally, because of the large number of respondents, the overall sample was randomly divided into three segments; specification, estimation, and prediction portions, each component using just under 1,290 observations. Once the estimation stage is reached, the results will be less prone to pretest bias, and bias in the conventional standard errors for the resulting parameter estimates induced by the extensive specification search will be alleviated. For the bias to be eliminated the errors in the model must be uncorrelated across the individuals in the three samples, and the "correct" model must be identified after the specification search.
To the extent that correlations do exist (say due to shared unobservable site characteristics) or the "correct" model is not identified, then the benefits from the split sample procedure used here will be diminished. However, the bias in the standard errors should be reduced relative to having used a single sample for both specification and estimation. 6 Table 1 provides summary statistics for the full sample regarding trip and the sociodemographic data obtained from the survey. 7 The average number of total single-day trips for all 129 lakes is 6.44, varying from some respondents taking zero trips and others taking fifty-two trips. In total, 41.2% of the sample (1,588 respondents of the 3,859) reports zero recreation trips. Of the remaining 2,271 respondents, 61% report fewer than 10 trips, with the number of respondents reporting a particular trip level gradually declining as the number of trips increases. Only 3.7% of the respondents who report positive trips take more than 40. While on these visits, the survey respondents also reported engaging in a wide variety of activities, with the top six activities consisting of: recreational boating (58.8%), fishing (47.4%), picnicking (46.6%), nature appreciation/wildlife viewing (44.9%), swimming/beach use (37.7%), and camping (28.5%). In general, the survey respondents are more likely to be older, male, and to be more educated than the general population. Schooling is characterized in terms of a dummy variable equaling one if the individual has attended or completed some level of post-high school education. Table 2 provides summary statistics on the average water quality values for the 2002 season. Samples were taken three times throughout the year, in spring/early summer, midsummer, and late summer/fall to cover the range of seasonal variation. Each of the water quality measures helps to characterize a distinct aspect of the lake ecosystem. Secchi transparency is one of the most widely applied limnological parameters and approximately reflects the lake depth at which the bottom of the lake can still be seen. Chlorophyll is an indicator of phytoplankton plant biomass which leads to greenness in the water. Three nitrogen levels were gathered. Total nitrogen is the sum of all dissolved and particulate forms. NH3+NH4 measures ammonium nitrogen that derives from fertilizer or anaerobic conditions and can be toxic. NO3+NO2 measures the nitrate level in the water that derives from aerobic nutrient contributions. Total phosphorus is an important indicator of nutrient conditions in freshwater systems and is usually the principal limiting nutrient that determines phytoplankton growth. Silicon is important to diatoms, a key food source for aquatic organisms. The hydrogen ion concentration of the water is measured by pH with levels above eight indicating extreme basicity. As Table 2 notes, all of the pH levels in this sample are clustered between 7.7 and 10. Plants need carbon to grow and most carbon comes from alkalinity in lakes; therefore, alkalinity is an indication of the availability of carbon to plant life. Inorganic suspended solids (ISS) consist of soil and silt suspended in the water through erosion, whereas volatile suspended solids (VSS) consists of suspended organic matter. Increases in either ISS or VSS levels decrease water clarity. Table 2 demonstrates that there is considerable variation in water quality conditions throughout the state. For example, average Secchi transparency varies from a low of 0.09 meters (or 3.5 inches) to a high of 5.67 meters (over 18 feet). Total phosphorus varies from 17 to 453 µg/l, spanning the concentration range across the world (Arbuckle and Downing 2001) .
In addition to trip and water quality data, two other data sources were used. First, the travel costs, from each survey respondent's residence to each of the 129 lakes, were needed.
The out-of-pocket component of travel cost was computed as the round-trip travel distance multiplied by $0.25 per mile. 8 The opportunity cost of time was calculated as the estimated round-trip travel time multiplied by one-third of the respondent's average wage rate. 9 Table   3 provides summary statistics for the resulting travel cost variable. The average price of a recreational trip to a lake is $135, although perhaps a more meaningful statistic is the average price of a lake visit, $37 (i.e., the average price including only those respondents who visited each particular lake).
Second, lake site characteristics were obtained from the Iowa Department of Natural Resources (2004a) . Table 3 provides a summary of these site characteristics. As table 3 indicates, the size of the lakes varies considerably, from 10 acres to 19,000 acres. Four dummy variables are included to capture different amenities at each lake. The first is a "ramp" dummy variable which equals one if the lake has a cement boat ramp, as opposed to a gravel ramp or no boat ramp at all. The second is a "wake" dummy variable that equals one if motorized vessels are allowed to travel at speeds great enough to create wakes and zero otherwise. About sixty-six percent of the lakes allow wakes, whereas thirty-four percent of lakes are "no wake" lakes. The "state park" dummy variable equals one if the lake is located adjacent to a state park. The last dummy variable is the "handicap facilities" dummy variable, which equals one if handicap amenities are provided. 10 Finally, a "fish index" variable is included that varies from zero to four representing the number of fish species for which the lake is considered one of the "top 10" sites for the species in the state. 11
The Model
The repeated mixed logit model was chosen because it exhibits many desirable properties, including that "...it allows for corner solutions, integrates the site selection and participation decisions in a utility consistent framework, and controls for the count nature of recreation demand" (Herriges and Phaneuf 2002) .
The model assumes that the utility individual i receives from choosing site j on choice occasion t is of the form
where V represents the observable portion of utility and, from the perspective of the researcher, ε ijt represents the unobservable portion of utility. A mixed logit model is defined as the integration of the logit formula over the distribution of unobserved random parameters (Revelt and Train 1998) . If the random parameters, β i , were known, the probability of observing individual i choose alternative j on choice occasion t would follow the logit form
.
Since the β i 's are unknown, the corresponding unconditional probability, P ijt (θ), is obtained by integrating over an assumed probability density function for the β i 's. The unconditional probability is now a function of θ, where θ denotes the vector of hyperparameters (e.g. the mean and standard deviation) characterizing the distribution of the random parameters (i.e., the β i s) in the population. This repeated mixed logit model assumes the random
No closed-form solution exists for this unconditional probability and therefore simulation is required for maximum likelihood estimation of θ. 12
Following Herriges and Phaneuf (2002) , a dummy variable, D j , is included which equals one for all of the recreation alternatives (j = 1, . . . , J) and equals zero for the stay-at-home option (j = 0). Including the stay-at-home option allows a complete set of choices, including in the population those individuals who always "stay at home" on every choice occasion and do not visit any of the sites. It is convenient to partition the individual's utility into the stay-at-home option or the choosing one of the J sites, with
where α i is the random parameter on the dummy variable, D j , which does not appear explicitly in equation (4) since it equals one for j = 1, ..., J and zero for j = 0. The observable information included in the stay-at-home option, represented by z i , is the set of socio-demographic characteristics such as gender, age, and education. Notice that with this specification the socio-demographic factors do not influence the choice among sites, but simply the participation decision, as this information does not vary across the sites. The
x ij matrix represents the observable information that varies across the lakes, including the travel costs for each individual, lake characteristics, and water quality measures.
The random coefficient vectors for each individual, β i and α i , can be expressed as the sum of population means, b and a, and individual deviation from the means, δ i and γ i , which represents the individual's tastes relative to the average tastes in the population (Train 1998) .
Therefore, we can note that
The partitioned utility is then
is the unobserved portion of utility. This portion is correlated over sites, j = 1, ..., J, and choice occasions, t = 1, ..., T , because of the common influence of the terms δ i and γ i .
The same preferences are used by the individual to evaluate each site at each time period.
Since the unobserved portion of utility is correlated over sites and trips, the familiar IIA assumption does not apply for mixed logit models. For example, consider α i , the random parameter on the dummy variable D j , which equals 0 for the home option and 1 otherwise.
An individual who chooses the stay-at-home option for all choice occasions would have a negative deviation from a (i.e., γ i < 0), the mean of α i , while someone who takes many trips would have a positive deviation (i.e., γ i > 0), allowing the marginal effect of D j to vary across individuals. However, the individual carries their α i across choice occasions and sites.
We model the utility individual i receives from lake j on choice occasion t as
where the vector z i consists of socio-demographic characteristics, P ij is the travel cost from each Iowan's residency to each of the 129 lakes. The vector Q j denotes the physical water quality measures and A j represents the attributes of the lake. As shown in equation (9), notice that the parameters on the lake attributes and the dummy variable, D j , are random.
All of the other variables are assumed to have fixed parameters.
Specification and Estimation
While the repeated mixed logit model provides the general framework for our analysis, it does not determine the specific variables to use in the model or the functional form they should take. Moreover, economic theory provides little guidance, although valuable guidance can be obtained from a number of sources, including ecologists who understand the source and degree of impairment in a watershed, previous studies of similar water quality concerns, and focus groups in the affected population. Nonetheless definitive functional forms and choice of variables based on physical science or other sources will be rare. In order to investigate the model specification issue, we divided the full survey sample into three portions, with one portion each dedicated to model specification, estimation and out-of-sample prediction.
Specification
There are, of course, a large number of potential model specifications given the range of water quality, site characteristics, and household characteristics identified in tables 1 through 3.
We focus on modeling the role of water quality characteristics in determining recreation demand patterns, holding constant the manner in which both socio-demographics and other site characteristics impact preferences. Specifically, socio-demographic characteristics are assumed to enter through the stay-at-home option. Bacteria is included because surveyed households report it to be the single most important water quality concern (See Azevedo et al. 2003) .
Our initial intent was to consider three possible specifications for each of these groups of variables: inclusion linearly, inclusion logarithmically, or exclusion. However, preliminary analysis indicated that these variables individually and as groups were consistently significant at a five percent level or better. Thus, we chose to focus on determining whether each group of factors should enter the model in a linear or logarithmic fashion. This required estimating a total of 2 5 = 32 versions of the model. A full-scale cost-benefit analysis would be daunting, depending upon the additional cost of data collection versus the costs associated with errors in policy prescriptions based upon an "incomplete" model. However, a less formal analysis does offer some guidance. Specifically, ranking the cost of obtaining each of the measures from easiest to the most difficult and costly to obtain, we have: 1) Secchi transparency, 2) nutrients (total nitrogen and total phosphorus), 3) chlorophyll and the suspended solids (inorganic and volatile), and 4) bacteria (cyanobacteria and total phytoplankton). Focusing on the five groups of water quality measures we have considered, Secchi transparency is clearly the best single measure to include, as it is easy to obtain and consistently has a substantial and statistically significant impact on recreational site selection and participation decisions. Nutrient levels are also relatively easy to collect and phosphorous levels are the most important additional measure after Secchi transparency. Moreover, nutrient loadings have consistently been a target of agricultural and environmental policies and understanding their impact on recreational usage patterns would seem worthwhile. Therefore, if possible we recommend the inclusion of the nutrient levels in the data collection process. The bacteria levels are also found to be consistently correlated with recreational behavior in our analysis. However, they are also the most costly. Choosing to include them in the data collection process will be dictated in part by the potential for cyanobacteria levels to reach dangerous levels and threaten human health. Questions in the Iowa Lakes survey indicate that this was the single greatest concern regarding water quality amongst respondents. In our informal cost-benefit analysis chlorophyll and the suspended solids fair the worst. They are relatively more expensive to collect and also the least important measures in explaining recreational usage patterns.
Finally, the specification search process above assumes that the random parameters associated with site characteristics are each normally distributed. While this assumption is common practice in the literature, there is no a priori basis for this choice. Moreover, a number of authors have noted potential problems with unbounded parameter distributions (such as the normal) leading to implausible results for some portion of the population (Revelt and Train 1998, n. 14) . As a final stage in the specification search process, we consider alternative choices for the random parameters in our model. 16 Specifically, we grouped the site characteristic parameters into three categories: (i) lake size parameter, (ii) the five parameters associated with the discrete variables for paved ramps, handicap facilities, state parks, wake restrictions, and the fish index, and (iii) participation parameter α i . For each set of parameters, we consider both normal and triangular distributions, for a total of eight possible sets of distributional assumptions. The advantage of the triangular distribution is that it allows for both positive and negative parameter values and retains the basic shape of the normal distribution (i.e., with a definitive mode and a density that diminishes away from that mode), while avoiding the unbounded nature of the normal distribution. As a basis of comparison, we also include a model in which all but the participation parameter are fixed (i.e., nonrandom). This structure mimics the standard nested logit structure (the participation parameter is normally distributed instead of the closed-form extreme value distribution), nesting together all the trip options as separate from the stay-at-home option, and is referred to as Model A0 below. 17 In considering the various distributional assumptions, we also retain the "preferred" functional form specification for the water quality variables identified in Table 4 . Clearly, the specification search could be repeated for each distribution scenario (requiring an additional 8*32=256 models to be estimated), but such a task is beyond the scope of the current paper. 18 Our focus is instead on illustrating the potential impact that such distributional assumptions can have on the resulting parameter estimates and the overall performance of the model in terms of prediction. Table 6 provides the comparison of the nine distribution scenarios in terms of maximum log-likelihood values. 19 Interestingly, the standard normal specification's performance is the second worst of the nine scenarios, dominating only model A0. Generally, triangular distributions appear to fit the data better in terms of both the lake size and discrete size characteristic parameters, with the results being more mixed for the participation parameter α i . The preferred specification includes random triangular distributions for all of the site characteristics and a normal distribution for the participation parameter. In the remainder of this paper we refer to this specification as Model A1. Since Model A1 best fits the data, we consider it to be the best model for estimation, welfare analysis, and prediction. In the next section we turn to the estimation of Model A1 and other models for comparison.
Estimation Results
Given the results from the specification search, five models were used in the second third of the sample: Models A, A1, and A0 (varying the specification for the random parameters of the model), a model including only Secchi transparency as a measure of water quality (referred to as Model B hereafter), and a model with all of the water quality variables entering in a linear fashion (Model C). 20 We include Model B to illustrate the consequences of relying on a single measure of water quality, in this case one that is often available to analysts. Model C reflects what might be naturally considered as a default specification.
The resulting parameter estimates are presented in tables 7 and 8.
In Table 7a , focusing on model A1, all of the coefficients associated with household characteristics are significant at the five percent level, except for age. Note that the sociodemographic data are included in the conditional indirect utility for the stay-at-home option.
Therefore in model A1, males, less-educated individuals, and larger households are all more likely to take a trip to a lake. However, the size and sign of the age, school and household size variables are sensitive to the model specification used. The price coefficient is negative and virtually identical across all models.
The physical water quality coefficients are reported in Table 7b are relatively stable across the various models. For all models, the effect of Secchi transparency is positive and, in general, organic and inorganic (volatile) suspended solids have a negative impact (although ISS and VSS are not statistically significant at the 5%), indicating the respondents strongly value water clarity. However, the coefficient on logged chlorophyll is positive, suggesting that on average respondents do not mind (or even prefer) some "greenish" water. The negative coefficient on logged total phosphorus, the most likely principal limiting nutrient, indicates higher algae growth leads to fewer recreational trips. High logged total nitrogen levels also have a negative impact on recreational utility associated with a site, although it is only statistically significant at the 5% level for model A. The log of the possibly toxic cyanobacteria is negative, while the log of total Phytoplankton is positive, indicating that as cyanobacteria is a larger percentage of the total Phytoplankton in the lake, recreators are less likely to visit.
Finally, turning to the site amenities, again all of the parameters are of the expected sign. As the size of a lake increases, has a cement boat ramp, gains handicap facilities, or is adjacent to a state park, the average number of visits to the site increases. Notice, however, the large dispersion estimates in table 8b. For example, in model A the dispersion on the size of the lake indicates 11 percent of the population prefers a smaller lake, possibly someone who enjoys a more private experience. The large dispersion on the "wake" dummy variable seems particularly appropriate given the potentially conflicting interests of anglers and recreational boaters. Anglers would possibly prefer "no wake" lakes, while recreational boaters would obviously prefer lakes that allow wakes. It seems the population favors a lake that allows wakes by almost a two to one margin, with 63 percent preferring a lake that allows wakes and 37 percent preferring a "no wake" lake. Lastly, the mean of α i , the trip dummy variable, is negative as expected.
Out-of-Sample Prediction
The final third of the survey sample was used to examine the out-of-sample performance of the models estimated in the previous subsection. For each model, the predicted number of total trips taken per year was computed for each household and used to calculate the sample's associated root mean square error (RMSE) in predicting the actual numbers of trips taken.
In addition, these calculations were made for the two subsamples of nonparticipants and participants, where the latter is defined as a household having visited at least one of the lake sites in 2002. The results are summarized in Table 9 .
None of the models perform particularly well in predicting the actual participation patterns in the third sample. The three models employing unbounded distributions for their random parameters (A, B and C) overstate total trips by nearly 80%, predicting total trips of roughly eleven, when the average number of trips is 6.27. Using bounded triangular distributions for the random parameters (model A1) not only provides a better fit to the model, but also reduces the overprediction out-of-sample by almost 60%. The simplest of the three models (model A0), which has all fixed parameters except one, while providing the worst fit from a log-likelihood perspective, comes closest to predicting the participation rate in the third sample, underpredicting total trips at 5.53 versus the actual numbers of trips at 6.27.
For all of the model specifications the RMSE's are quite high.
All four of the random parameter models (A, B, A1, and C) predict total trips for participants reasonably well, though the model mimicking the simpler nested logit structure (Model A0) performs the worst for participants, underpredicting total trips by over forty percent. In contrast, all of the models perform poorly in predicting nonparticipation. While the actual nonparticipation rate in the third sample is 41.8 percent, all five models predict nonparticipation rates of less than 5.6 percent, ranging from a low of 0.3 percent in model C to a high of 5.6 percent in model A0. Indeed, as table 9 reveals, models A, B and C predict average total trips of over nine per year for individuals who actually take no trips. Models A1 and A0 perform better, but still miss the mark in characterizing participation for this subsample.
The results suggest that participants and nonparticipants are perhaps more distinct than the standard mixed logit structure allows for. Employing bounded distributions for the random parameters of the model appears to alleviate, but not eliminate, the problems in the overfitting of the mixed logit model. Further research into this problem, though beyond the scope of the current analysis, might consider less symmetry in the participation parameter α i or a finite mixture model allowing for a discrete mass of individuals in the nonparticipant category (von Haefen, Massey, and Adamowicz 2005) .
Welfare Calculations
Given the random parameters β i , the conditional compensating variation associated with a change in water quality from Q to Q for individual i on choice occasion t
which is the compensating variation for the standard logit model. The unconditional compensating variation does not have a closed form, but it can be simulated by
where R is the number of draws and r represents a particular draw from its distribution.
The simulation process involves drawing values of β i , calculating the resulting compensating variation for each vector of draws, and finally averaging over the results for many draws.
The average annual compensating variations and predicted changes in total annual trips per household are calculated for three water quality improvement scenarios using the parameter estimates from the five models reported in the previous section. The first scenario improves all 129 lakes to the physical water quality of West Okoboji Lake, the clearest, least impacted lake in the state. The third and final scenario is also a policy-oriented improvement. Currently of the 129 lakes, 65 are officially listed on the EPA's impaired waters list and by 2009 the plans must be in place to improve the water quality at these lakes enough to remove them from the list.
Therefore, in this scenario, the 65 impaired lakes would be improved to the median physical water quality levels of the 64 non-impaired lakes. The last two columns of Table 10 compares the median values for the non-impaired lakes to the averages of the impaired lakes.
The resulting compensating variations and changes in total trips under each scenario are reported in table 11. We consider the welfare results from Model A1 to be the best results for policy analysis. For comparison purposes, we present welfare results from Models A, A0, B and C as well. Finally, the relatively poor performance of the various models in terms of out-of-sample predictions, particularly in terms of nonparticipants, raises concerns about the resulting welfare measures. One approach to the problem, as suggested by a reviewer, is to condition on the observed choices in the sample (See, e.g., von Haefen, 2003) . Table 11 provides both unconditional and conditional welfare measures, though we would recommend the conditional estimates as more credible. 21
We start by contrasting the unconditional and conditional welfare and trip measures. As expected, conditioning on the observed usage patterns typically reduces the compensating variations (by as much as forty percent), though the qualitative pattern of the results remains generally the same. This is consistent with the fact that, unconditionally, the models generally over-predict both participation and the numbers of trips taken by households, which in turn is likely to inflate the welfare implications of changing site attributes. In addition, conditioning virtually eliminates the distinction between Models A and A1, where the latter relies on triangular (rather than normal) distributions for the site characteristics. This seems reasonable as well, in that conditioning will reign in some of the extreme behavior implied by tail values of the normal random parameters. Also, as discussed by von Haefen (2003), conditioning lowers the range of welfare estimates across the five models. For the first scenario the range is reduced by 65.7%, with a 74.7% reduction for the second scenario and a larger 84.5% reduction for the third scenario. The same is true for the range of the expected trip increases from the three scenarios (table 11b) .
Turning to the specific scenarios, we see for the first scenario both a substantial change in household welfare and in the predicted numbers of trips taken to lakes. For Model A1, the conditional CV is $151 per Iowa household. This size of a welfare change seems reasonable given the numbers of trips taken in a typical year under baseline conditions. The travel cost savings alone from having closer (high quality) sites at which to recreate would justify much of these welfare gains. 22 Model A yields very similar conditional welfare gains, with models B, C, and A0 yielding smaller welfare gains (ranging from $91 to $122 per household). The total trip changes exhibit a similar pattern, with models A1 predicting a 3.3 increase in trips per year, whereas model A yields a larger increase and models B, C, and A0 yield smaller increases.
Shifting to the second scenario, we find a similar pattern in terms of how the five models predict both welfare and total trip changes under these scenarios. The simpler nested logitstyle model of A0 suggests smaller welfare and trip changes when compared with the more complex mixed logit models. Finally, under the third scenario, a slightly different pattern emerges, with the conditional welfare and predicted trip changes being similar among models A, A1, and A0, and roughly half as large with models B and C. Another message from Table 11 , however, is consistent across all of the five specifications.
That is, the benefits from improving a few lakes to a level of high water quality exceeds the benefits from modest improvements to all the impaired lakes. The CV benefits from scenario 2 are typically two and to three times those from scenario 3. The annual compensating variation for scenario 2 is $19 for each Iowa household (using model A1). As expected, this estimate is ten percent of the value if all lakes were improved to the level of West Okoboji, even though the scenario involves improving only seven percent of the lakes. This suggests that to maximize Iowan's benefit from improving a few lakes, policymakers should disperse the changes throughout the state.
Conclusions
Data on lakes usage at 129 of Iowa's principal lakes was combined with extensive physical water quality measures from the same set of lakes gathered by the Iowa State University Limnology Lab. Analysis based on the repeated mixed logit framework shows that individuals are directly responsive to physical water quality measures. Three improvement scenarios were studied and suggest that Iowans place higher value on improving a subset of the lakes to superior water quality rather than providing adequate levels at all of the lakes (i.e., sufficient to not be listed as impaired by the Environmental Protection Agency).
By estimating the partial effects of a list of physical measures, we have determined which measures significantly affect recreationists' behavior. Limnologists and water resource managers can use this information about what physical lake attributes visitors' trip behavior responds to in designing projects for water quality improvements. Our results indicate water clarity is very important as evidenced by the Secchi transparency. Also, high concentrations of nutrients, in general, are found to decrease recreational trips.
The findings of this study also have direct relevance for environmental protection managers and citizens concerned with water quality in that they can be used to prioritize clean-up activities to generate the greatest recreational benefits for a given expenditure. Not only can the findings be used to determine which lakes to target and in what order to clean them but also the most efficient levels of improvement can be identified.
Finally, our investigations into the econometric specification for the mixed logit model suggests that the results (both unconditional welfare results and out-of-sample predictive ability) can be sensitive to the choice of the underlying distributions employed for the random parameters of the model. In general, both the model fit and predictive ability improved in the current application when the random parameters were bounded (in our case triangular), rather than unbounded. For the welfare results, however, the difference between the model with unbounded versus bounded random parameters was nearly eliminated by using conditional welfare estimates. Moreover, the conditional welfare estimates substantially lowered the spread of welfare estimates across the five model specifications. The main reason for this is that all of the models were found to do poorly in predicting the behavior of nonparticipants in our third sample. The conditional welfare estimates control for this by incorporating the individual's actual observed choices at baseline conditions. However, at the estimation stage, additional research is needed to distinguish and characterize nonparticipants, perhaps by allowing for less symmetry in the random parameters of the model or some discrete distributions in the mixture models. a All of the parameters are scaled by 10. * and ** are used to denote significance at the 5 and 1% levels, respectively. b For Model C, each of these variables enter linearly, rather than logarithmically. a All of the parameters are scaled by 10, except α (which is unscaled). * and ** are used to denote significance at the 5 and 1% levels, respectively. b The dispersion coefficients are the estimated standard deviations for the normally distributed parameters, and the estimated spread coefficients for the triangularly distributed parameters. 
where Y i is the total trips for each person, and Y i is the fitted total trips for each person. 12 Modified Latin Hypercube Sampling (MLHS) is used in the simulation process (Hess, Train, and Polak 2006) . Hess, Train, and Polak demonstrate that MLHS provides better coverage of the distribution space for the same number of draws versus Halton sequences or any of the Halton sequence variations (such as shuffled Halton sequences). 13 One can, of course estimate an "encompassing" model, including both linear and logarithmic versions of the water quality variables. Each model in table 4 could then be tested against this hybrid specification. As Greene (2000, p. 301 ) notes, however, there are problems with this approach. First, such an approach tests each model against the hybrid model, not against each other. Second, the hybrid model requires a substantial increase in the number of parameters, increasing potential multicollinearity problems. Moreover, given that the loglikelihood value for the preferred model provides a lower bound on the loglikelihood value for the hybrid model, the results in table 4 indicate that, at best, only the first two models would not be rejected using a likelihood ratio test. Thus, the hybrid strategy would provide little guidance regarding the choice of models.
14 We also estimated exploratory models utilizing the quadratic function for the water quality measures. The results indicate that a model with Secchi transparency and the suspended solids entered quadratically (and the nutrients and bacteria levels remaining logged) fits better than model A. However, we do not formally include the quadratic form in our specification search, as the versions of the model would increase from 32 to 243 (=3 5 ). 15 The χ 2 test statistics reported in table 5 are likelihood ratio tests for the exclusion of the additional water quality measures relative to a model using Secchi transparency alone to capture water quality conditions. In each case, single and double asterisks are used respectively, to indicate significance at the five and one percent critical levels.
specification in that the latter assumes that the individual's decisions over choice occasions are independent, whereas Model A0 allows for correlation as induced by the shared element α i .
18 The distributional assumptions investigated here is by no means exhaustive. In particular, discrete-factor and latent class distributions may also prove useful in capturing variations in agent preferences, including the potential multi-modal features of these underlying distributions. See, e.g., Morey, Thacher and Breffle 2006; Hilger and Hanemann 2006. 19 For the results in Table 7 , 750 MLHS draws are used in the simulation. Changing the distributional assumptions across specifications required a large number of draws to obtain stability in the comparisons. The estimation results in Table 8 are also with 750 MLHS draws. 20 An additional model (Model D), including all thirteen water quality characteristics listed in Table 2 , was also estimated and is available in the electronic appendix to this paper Egan et al. (forthcoming) available online through AgEconSearch. The results from this expanded model are not substantially different from the results for Model A, with pH and Alkalinity also found to be statistically significant factors in recreation site choice. 21 We use 1,000 draws in the unconditional and conditional welfare simulations. Moreover, for the conditional welfare simulations we also report Krinsky and Robb (1986) standard errors using 200 simulated conditional welfare estimates.
22 West Okoboji Lake, while currently one of the most popular lakes in the state is far from most population centers in Iowa.
